Genotypes with high potential yield would improve crop production. Trials that examined potential yield have been conducted around the world, producing databases that can be mined to reveal "hidden" high-yield cultivars. However, yield data from different times and locations are not comparable because yield integrates the effects of cultivar-specific potential with the effects of weather and management practices. Here, we hypothesized that cultivar-specific yield can be expressed as a function of the climatic potential yield, which is calculated using a model based on daily solar radiation, temperature, and phenology data. To test this hypothesis, we used a rice Oryza sativa L. yield database from Japan, including only data from years with normal climatic conditions and trials with optimal N fertilization. For cv. 'Sasanishiki', which is widely grown in northern Japan, data from four prefectures and 20 years showed yield. The yield variations could be expressed by a single unique statistically significant regression across prefectures and years as a function of the climatic potential yield. This method demonstrated that 'Koshihikari' produced 10 less and 'Fukuhibiki' produced 19 more than 'Sasanishiki' for a given climatic potential yield 1000 g m 2 . We confirmed this ranking by direct comparisons of the cultivars in identical years and at the same locations. Our method can be used for data mining to identify high-yield cultivars through data from previous yield research. We discuss the limitations and advantages of this method, its potential for other crop species, and its potential for determining responses to abiotic and biotic stresses.
Introduction
During the 20th century, the yield per unit area of cereals such as rice Oryza sativa L. , wheat Triticum aestivum L. , and maize Zea mays L. has been increasing around the world Ziska et al., 2012 . The global average yield gain from 1961 to 2000 has been more than 100 for key crops FAO, 2015 : 2.1 times for rice from 187 to 389 g m 2 , 2.5 times for wheat from 109 to 272 g m 2 , and 2.2 times for maize from 194 to 432 g m 2 .
Much of these gains can be attributed to "genotypic gain" that resulted from the use of higher-yielding cultivars: this has been described for maize Ci et al., 2012; Duvick, 2005; Tollenaar and Wu, 1999 , rice Anzoua et al., 2010; Peng et al., 1999 , soybean Morrison et al., 2000 Specht et al., 1999 , and wheat Austin, 1999; Brancourt-Hulmel et al., 2003 . In addition, yield increases have resulted from improved management practices fertilization, cropping schedule, disease and pest control , which have combined with cultivar improvement to produce synergistic gains. Anzouna et al. 2000 estimated genotypic gain as 22 g m 2 per 10 years for rice in Hokkaido, Japan, based on data from 1905 to 1988, which was over half of the mean observed yield gain for all cultivars and regions, which equaled 38 g m 2 per 10 years based on data from 1958 to 2000. By 2050, the world's population will exceed 9 billion, and feeding this population will require a 70 increase in cereal production FAO, 2009 . Thus, further increases of the genotypic gain will be required, and to achieve this goal, researchers must identify or breed high-yielding cultivars. To breed these cultivars, good donor parent cultivars must be identified. However, the identification is complex, since yield depends both on the genetics of an accession and on how those genetics respond to environmental and management conditions. High yield results from efficient use of the available environmental resources, including solar radiation, temperature, atmospheric CO 2 , nitrogen, and water Evans and Fisher, 1999 . Thus, the absolute yield level of a cultivar will vary among years and locations, and will respond differently to management practices such as the timing and dose of irrigation or fertilization. To identify the cultivars capable of the highest yield, it's therefore necessary to perform direct comparisons by means of field trials conducted under identical conditions at identical locations i.e., in the same place and year . Unfortunately, it is rarely possible to compare a large number of cultivars under such conditions, a practice that might reveal "hidden" previously unrecognized high-yielding cultivars.
In Japanese rice breeding programs, many cultivars with different pedigrees have been tested over several years at different locations. This research has led to the development of a yield database with a huge number of entries currently more than 90000 records for cultivars that have been tested from 1980 to 2005 in 47 prefectures Ohta et al., 2006 . This database has a high potential to let researchers identify high-yielding cultivars if the yield data can be used to support direct comparisons among cultivars under comparable environmental and management conditions. Simulation models that can account for climate effects would be a powerful tool to take advantage of such a database. The pioneering study of Horie 1987 , who developed an empirical radiation-use simulation model for rice called the Simulation Model for Rice Weather relations SIMRIW , analyzed regional differences in rice productivity using daily temperature and solar radiation data. Horie found higher rice yield in Japan than in the United States, but could not separate the effects of climate and agricultural technology on yield. He plotted the observed yield against the climatic potential yield calculated by the model and found that the yield under a given set of climate conditions was higher in Japan because Japanese farmers used more advanced technology, and that the regression slope was higher for Japan 0.49 than for the United States 0.38 . This method appears to be a promising way to evaluate a cultivar's potential yield, but we found no reports in the literature of using this approach to identify the genotypic component of yield variations.
In the present study, we hypothesized that the productivity of a cultivar could be expressed using a unique regression line as a function of the climatic potential yield calculated from a simulation model, and that the regression lines would differ among cultivars. To test this hypothesis, we used data for rice plants grown under flooded conditions, which are not affected by water shortages such as the periodic drought that affects upland crops, thereby letting us examine climate effects per se. In addition, flooded rice has relatively uniform soil fertility as a result of continuous cropping, compared with other fields that are managed under crop rotation systems.
Materials and Methods

Climatic potential yield calculated by a simulation model
We calculated the climatic potential yield of rice based on data Fig. 1 . Overview of simulation model of the SIMRIW model developed by Horie 1987 , with adding the sub-models of leaf senescence as a function of photosynthate partitioning, radiation use efficiency and spikelet fertility developed by Shimono et al. 2007 , and with also adding a new original sub-model to account for phenology.
on the climate and observed phenology. The climatic potential yield is an indicator attainable yield reflecting weather conditions. We used the SIMRIW model developed by Horie 1987 , but added the sub-models of leaf senescence as a function of photosynthate partitioning, radiation use efficiency and spikelet fertility developed by Shimono et al. 2007 Fig.1 . We also added a new original sub-model to account for phenology. We predicted a developmental index DVI; Horie and Nakagawa, 1990 , which has values that increase continuously from 0 sowing through 1.0 panicle initiation and 2.0 heading to 3.0 maturity , and combined this model with observed phenological data for the dates of heading and maturity, and for the transplanting date DVI = 0.5 . The DVI at each date is calculated from the air temperature by using the ratio of the actual temperature to the cumulative effective air temperature i.e., temperatures above a base temperature of 10 °C for each period between the observed phenological dates. This sub-model of phenology can improve the accuracy of DVI prediction, reduces the need for input data of day length, and reduces the need for cultivar-specific parameters that account for different phenological responses. The model is driven by the daily total solar radiation and mean air temperature as inputs. The climate data were obtained from the Japan Meteorological Agency site http://www.jma.go. jp/jma/index.html closest to each experimental station that provided the yield data. Rice phenology the transplanting, heading, and maturity dates was obtained from the database described in section 2.2.
Observed yield data from Japanese agricultural research
centers Rice yield data were obtained from more than 50 Japanese government research institutes from 1980 to 2005. Each institute had been conducting breeding programs to identify new rice cultivars with good performance in terms of yield, eating quality, disease resistance, and other valuable traits. The data were pooled in a database developed by the Rice Research Division's NARO Institute of Crop Science Ohta et al., 2006 . The data on grain yield, biomass, and rice phenology transplanting, heading, and maturity dates were screened using two constraints: First, because N fertilization can strongly affect yield, we included results only for trials in which fertilizer was provided in the optimal range of 5 to 9 g N m 2
. Second, to exclude the impact of chilling during the reproductive stages, which can greatly decrease yield, we excluded data from years with a cool summer 1980, 1988, 1993, 2003 . Three cultivars, 'Sasanishiki', 'Koshihikari' and 'Fukuhibiki', were selected in the present study because these cultivars have been widely tested including data for direct comparison measured yield of two cultivars at the identical location in the identical year. For the regression analysis against the climate potential yield, each cultivar selected four to five locations of the greatest number of data available for each cultivar. Also, for direct comparison analysis, the 'Koshihikari' vs 'Sasanishiki' was selected three locations of the greatest number of data available, and the 'Fukuhibiki' vs 'Sasanishiki' was selected five locations of the greatest number of data available.
Statistical analysis
Statistical analysis was conducted by comparison of regressions for the relationship between the observed yield and the climatic potential yield estimated using the model. To test whether a single regression could predict the yield for all cultivars or whether a unique regression would be required for each cultivar, we compared the two types of model using analysis of variance following the method of Mead et al. 2003 . 
Results
Can a single regression equation predict yield of a culti-
var 'Sasanishiki' across years and locations? The rice cultivar 'Sasanishiki' is widely grown in northern Japan, and we were able to obtain data for it from four 1980, 1988, 1993, and 2003 were excluded from the analysis. Map No. indicates the number in Figure 2 . Significance levels: ***P < 0.001; **P < 0.01; *P < 0.05; ns, not significant. Total dry weight and harvest index of 'Koshihikari' were not recorded in 2 of 14 datasets in Niigata. The standard deviation of yield ranged from 47 to 60 g m 2 . The variation of grain yield was explained by biomass Pearson's r = 0.61, P < 0.001 , with a stronger relationship than for harvest index r = 0.42, P < 0.01 .
Of the phenological factors that were potentially responsible for yield variations, transplanting date ranged from 8 to 17 May and heading date ranged from 5 to 10 August Table 1 . However, the transplanting, heading, and maturity dates had no significant correlations with yield. The N fertilizer level ranged from 5.0 to 8.8 g m 2 , but was not significantly correlated with grain yield. Thus, the yield variations were primarily caused by biomass differences, which can be attributed to weather differences rather than management differences such as transplanting timing or N fertilization. Note, however, that we chose data only for trials with optimal fertilization, so the latter result is not surprising.
We tested whether the observed yield of 'Sasanishiki' obtained in different years and at different locations could be expressed as a single unique regression line Fig. 3a . The observed yield was significantly positively correlated with the predicted climatic potential yield based on data from all years and locations R 2 = 0.22, P < 0.001, n = 58 . This result suggests that the climatic potential yield can predict the observed yield obtained at different locations and in different years, irrespective of transplanting data and N fertilization assuming optimal levels of N . However, because we did not include yield data from unusually cool summers in our dataset, the equation should not be used to predict yield in cool summers.
Can the regression express genotypic variation in yield?
'Koshihikari' had a mean observed grain yield of 564 g m 2 range, 498 to 591 g m 2 ; 'Fukuhibiki' had a mean of 678 g m 2 range, 608 to 782 g m 2 ; Table 1 . Overall, 'Koshihikari' had a lower yield and 'Fukuhibiki' had a higher yield than 'Sasanishiki', although we cannot compare the yields directly because of the different climates due to different years and locations in the trials of these cultivars.
We plotted the observed yield against the climatic potential yield for 'Koshihikari' Fig. 3b and 'Fukuhibiki' Fig. 3c and found statistically significant regressions for both cultivars Significance: ***P < 0.001; *P < 0.05. 'Koshihikari': R 2 = 0.16, P < 0.05, n = 29; 'Fukuhibiki': R 2 = 0.64, P < 0.001, n = 16 . To test whether these relationships differed significantly from the 'Sasanishiki' regression, we repeated the regression analyses by using all data for 'Koshihikari' and 'Sasanishiki' and by using all data for 'Sasanishiki' and 'Fukuhibiki', and compared the results with the single-cultivar regressions. The regressions differed significantly between 'Koshihikari' vs. 'Sasanishiki' F 2, 84 = 11.2, P < 0.0001 and between 'Fukuhibiki' vs. 'Sasanishiki' F 2, 77 = 33.5, P < 0.0001 . Table 2 and Table 3 Y 1000 = 732 g m 2 was 19 higher than that of 'Sasanishiki' Fig. 3 . To confirm these rankings, we directly compared yield data from identical locations in the same years, with identical management practices, independent of the previous model analysis data. The yield of 'Koshihikari' was 6 lower and that of 'Fukuhibiki' was 8 higher than that of 'Sasanishiki' Fig. 4 . Although the magnitudes of the differences are smaller than those based on the climatic potential yield, the trends were similar.
Discussion
Our proposed new methodology based on the climatic potential yield, calculated from climate data by a growth model, can separately analyzed yield variations either due to difference in climate or difference in cultivar specific ability, and in fact, it successfully normalized the observed yield among years and locations as cultivar-specific regression line Fig. 3 . The methdology could also be used to determine relative rankings of cultivars based on yield data from trials conducted in different years and at different locations Fig. 3 ; 'Fukuhibiki' > 'Sasanishiki' > 'Koshihikari', and the results were confirmed by a direct comparison Fig. 4 . An advantage of the present growth model for estimating the climatic potential yield is a use of the observed pheanological data as input data; this improves the accuracy of the climate potential yield estimation and reduces the need for input data such as day length, and reduces the need for cultivar-specific parameters that account for different phenological responses. However, the climatic potential yield did not fully explain the variations in the observed yield R 2 = 0.22
for 'Sasanishiki', 0.16 for 'Koshihikari', 0.64 for 'Fukuhibiki'; Fig. 3 . This can be attributed to errors in the model's estimation Grain yield g m -2
Harvest index N fertilization g m The number in parentheses after the location name is the map location in Figure 2 . Sample sizes represent the number of years.
of yield. The model accounts only for the effects of solar radiation, temperature, and phenology, and not for other potentially important factors. First, the nutrient supply from the soil and fertilizer may explain some of the variations. We used a dataset that included only trials with N fertilization in the optimal range of 5 to 9 g m 2 , and found no significant relationship between N fertilization and yield Table 1 . However, the rate of N mineralization from the soil is affected by the climate before the transplanting date, a phenomenon that has been described as the "dry soil effect" Sasaki et al., 2001 . Our analysis did not account for this factor, nor for differences in the amounts of P or K. Second, the atmospheric CO 2 concentration [ CO 2 ] has been rising during the study period, and [ CO 2 ] can affect productivity through the CO 2 fertilization effect Kumagai et al., 2015; Shimono et al., 2009 . Our model did not account for this factor.
[ CO 2 ] increased by more than 70 μmol mol 1 from 1961 to 2010 IPCC, 2013 . This increase by 70 ppm would have increased yield by 5~10 Kumagai et al., 2016 . Third, we did not account for water and thus soil temperature in the model. In rice paddies, the water temperature may differ greatly from the air temperature, especially in regions with a cool climate, where rice growth is influenced more by the water temperature than by the air temperature Shimono et al., 2002 . The water temperature depends on the source temperature of the irrigation water and on management practices such as the frequency and timing of irrigation. In addition, the distance between the study sites and the nearest meteorological station, which provided the solar radiation and temperature data used in our analysis, would affect our results. This distance ranged from 0 to 50 km, and particularly in mountainous areas such as prefectures of Iwate and Fukushima, climate may vary greatly over relatively short distances.
Fourth, because we excluded data from years with a cool summer, our analysis does not fully account for genetic effects, since some genotypes will be less affected by cold weather. In future research, it will be helpful to look for ways to include that data in the analysis; the results will be particularly important for cultivar selection for northern Japan. Table 3 . Direct comparison of 'Sasanishiki' vs 'Fukuhibiki' based on yield, phenology transplanting, heading, and harvesting dates , biomass, grain yield, harvest index, and N fertilization at identical locations and under the same management regime and years.
The final possibility relates to the input data. The quality of the yield data is particularly important, since it is the parameter we used to judge the accuracy of the method, and all field trials include errors in yield estimates due to non-uniformity in the soil, microclimate, and nutrient availability, but also contain errors due to measurements of the plot size and other factors. Thus, quality control for the input data used in the analysis is an important factor for mining a yield database to identify cultivars with high yield.The success of our analysis suggests that our method may be applicable to other crop species. There are several simulation models for predicting crop yield for species such as wheat Ritchie and Otter, 1983; Sinclair and Amir, 1992 , maize Jones and Kiniry, 1986 , soybean Glycine max L. Merr.; Sinclair, 1986 , peanut Arachis hypogaea L.; Boote et al., 1998 , and chickpea Cicer arietinum L.; Soltani and Sinclair, 2011 . In addition, our approach may be applicable for identifying cultivars with higher tolerance to abiotic stress e.g., heat, cold, drought and biotic stress diseases, pests through the use of databases that provide tolerance scores. In breeding for stress-tolerant rice cultivars, researchers usually control the environment to simulate abiotic stress, as in the case of testing for cold tolerance in a field with cold irrigation water Matsunaga, 2005; Shimono et al., 2011 or in controlled-environment growth chambers Satake, 1976; Suzuki et al., 2015 . However, relatively few cultivars can be evaluated simultaneously in such systems, and the evaluation mostly produces relative rather than absolute rankings, because other environmental factors, such as air temperature, solar radiation, soil fertility, and N fertilization, differ among trials. Nonetheless, with appropriate effort to examine the input data available in the database, it should be possible to extend our approach to tolerance to abiotic or biotic stresses; with access to an appropriate simulation model, it would be possible to regress the genotype score against the simulated potential score calculated from the climate data. Several simulation models are available to support such analyses by predicting damage caused by cold Shimono et al., 2005; Uchijima, 1976 , drought Sinclair, 1986 , pests Pinnschmidt et al., 1995 , diseases Luo et al., 1997 , lodging Berry et al., 2003 , heat Eyshi-Rezaei et al., 2015 , and frost Barlow et al., 2015 In conclusion, the method described in this paper, which establishes a relationship between observed yield and the simulated potential yield, should be suitable for pre-screening candidate cultivars to identify those with the highest yield. It therefore provides a simple and quick alternative to conducting direct comparisons in field trials. This can speed up the screening process and reduce costs, possibly allowing a comparison of hundreds of cultivars simultaneously. However, to confirm the results before actual use of the candidate cultivars in breeding, it will be essential to conduct direct comparisons of candidates at the same location, under identical environmental and management conditions.
